Background: A number of conservation and societal issues require understanding how species are distributed on the landscape, yet ecologists are often faced with a lack of data to develop models at the resolution and extent desired, resulting in inefficient use of conservation resources. Such a situation presented itself in our attempt to develop waterfowl distribution models as part of a multi-disciplinary team targeting the control of the highly pathogenic H5N1 avian influenza virus in China.
Introduction
Environmental managers face numerous priority needs, ranging from the protection of critical habitat and mitigating effects of environmental stressors on wildlife to balancing the needs of our natural systems with the impacts of an ever expanding anthropogenic footprint. Yet these challenges are linked by a very simple limiting factor: the need for reliable information regarding when and how the species we seek to manage and preserve are distributed across the landscape (Franklin and Miller 2010) . While scientists have long been attempting to understand the relationships between wildlife populations and their spatio-temporal environment, modern technology has allowed for rapid advancements in using
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Avian Research *Correspondence: dprosser@usgs.gov 1 Patuxent Wildlife Research Center, U.S. Geological Survey, Beltsville, MD 20705, USA Full list of author information is available at the end of the article modeling approaches to quantify and predict animal space use across time. Assessments based on species distribution maps to identify areas of importance during a species' main life cycle stages have been used globally and regionally (e.g. Williamson et al. 2013) . Though the rapidly expanding field of species distribution modeling (SDM) offers new approaches for improved model development including Bayesian statistics, maximum entropy, artificial neural networks, genetic algorithms, and other machine learning techniques, most approaches require robust datasets for model development (Segurado and Araujo 2004; Franklin and Miller 2010; Guillera-Arroita et al. 2015) . Fine-grained distribution data may be locally available for some species; however, data are rarely available across large extents due to high costs of production. Some regions such as North America and parts of Europe have long-term monitoring efforts for target species from which consistent, quality data can be extracted (Root 1988; Sauer et al. 2003) ; whereas other, often developing regions, rarely have broad-scale programs despite having rich biological resources (Grenyer et al. 2006; Martin et al. 2012) . In some cases, a lack of sufficient data may preempt the use of more advanced methods to address urgent societal needs, and here a balance of using the best approaches possible with available data and resources with clear reporting of shortcomings is warranted.
The frequent mismatch between the need for information regarding a species' spatio-temporal distribution and the data needed to make informed decisions is exemplified by avian influenza response efforts and wider conservation action in Asia. Wild waterfowl and shorebirds (orders Anseriformes and Charadriiformes) are known reservoirs for low-pathogenic forms of avian influenza viruses (LPAIV), which have the potential to mutate into lethal forms following entry into domestic poultry populations (Alexander 2007) . Outbreaks of highly pathogenic avian influenza viruses (HPAIV) such as the Asian strain of H5N1 (Xu et al. 1999 ) have caused considerable damage to the health and economy of more than 60 countries from Asia to Africa since emergence in 1996 (OIE 2017) , and the loss of thousands of waterfowl (Liu et al. 2005; OIE 2017) . Waterfowl in the family Anatidae (ducks, geese, and swans; hereafter waterfowl) are of particular importance due to their migratory behavior, high abundance, propensity to congregate in high densities, and increased exposure to farmed ducks which can act as silent reservoirs of HPAI (Muzaffar et al. 2010) . Due to the risk to both human and wildlife populations, appropriate understanding of the role wild birds' play in the epidemiology of these viruses is critical. Concurrent with the risk of avian influenza outbreaks leading to wild bird mortalities, the waterfowl of China face significant population-wide challenges from climate and land use change . Unfortunately, few studies have incorporated wild birds into geographically explicit models (Gilbert and Pfeiffer 2012) , largely because obtaining spatial inputs for these populations is difficult. Datasets within Asia have been driven by range maps (Williamson et al. 2013) or limited to small regions or few species (Zeng et al. 2015; Dai et al. 2016; Dronova et al. 2016) . Therefore, a technique that makes the most of available data to address pressing conservation and human health concerns is of the utmost importance.
The objective of this project was to develop 1 km resolution (1 km × 1 km) binary grid maps of habitat suitability for all species of waterfowl known to spend the winter or breed in China. These base models would not only serve as inputs for modeling transmission risk of circulating avian influenza viruses at the poultry-waterfowl interface (Prosser et al. 2013 ), but also provide managers with data relevant to an array of conservation needs. As comprehensive nationwide waterfowl survey data were not available to apply newer techniques of SDM, we took the initial step of mapping potential distributions (habitat suitability) by linking habitat relationships and environmental predictors in a geographic information system (GIS). We validated the suitability models with available census or telemetry data and created a composite suitability map across all species for the breeding and wintering seasons. Here we present spatially explicit habitat suitability models for China's 30 breeding and 39 wintering waterfowl species. Although previous works with widely different methodologies have created SDM's for a few targeted species within this region (Moriguchi et al. 2013; Zeng et al. 2015; Dai et al. 2016 ), our models represent the first comprehensive set of models spanning the entirety of China. We hope that the assessment provided here will stimulate efforts for other priority areas faced with similar data challenges, and demonstrate that datasets built for a specific objective can have utility for a wide array of conservation oriented issues, particularly when the approach and assumptions are made clear.
Methods

Waterfowl data
Of the 51 waterfowl species listed in MacKinnon and Phillipps (2000) 42 were reported as utilizing China within either their breeding or wintering ranges. Thus, we conducted a review of the English and Chinese literature for China's 42 waterfowl species (Table 1) following the taxonomy provided by MacKinnon and Phillipps (2000) . References included peer-reviewed journal articles, technical reports, as well as unpublished surveys from nature reserves, non-governmental organizations, etc. This literature review spanned several decades, with the first included text published in 1985. The database Li et al. 2009; Wetlands International 2017) to validate the wintering waterfowl models. The AWC provides waterbird survey data collected at wintering sites throughout Asia during January of each year, making it ideal as a source of validation data for this time period. However, a similar consistent source of nationwide survey location data was not available for the spring and summer months to test the breeding models except for one focal species, the Bar-headed Goose (Anser indicus), for which we used satellite telemetry data from a related study (Prosser 2011) .
Environmental variables
Remotely-sensed land cover data are readily available across large geographic extents and have been used successfully in modeling species distributions (Gottschalk et al. 2005) . Land cover variables (e.g., rice-paddy, lake, river, marsh, grassland, forest, etc.; Additional file 1: Table S1 ) used in this study were derived from 30 m Landsat imagery and distributed by the Chinese Academy of Sciences (CAS) at 1 km spatial resolution (Liu et al. 2002) . The land cover dataset is continuous fields, whereby each class is represented as the percent cover within the 30 m 2 pixel (e.g. 10% marsh, 64% forest, etc., summing to 100). We tested variables for correlation to avoid issues of multicollinearity (Graham 2003) . Significant correlations were not observed (all below 0.67), however we reduced the data set from 25 variables to 18 (Additional file 1: Table S1 ) based on an a priori list of relevant cover classes. While climatic variables were available through platforms such as the Moderate Resolution Imaging Spectroradiometer (MODIS) program facilitated by the National Aeronautics and Space Administration (NASA), we decided against their inclusion as the literature did not provide adequate depictions of how they would influence habitat suitability.
Model development and validation
Using a habitat suitability approach ( Fig. 1) , we created presence-absence predictions for each of China's waterfowl species ( A complete list of species equations can be found in Additional file 2: Individual species models. The habitat equations were implemented in a geographic information system using Python coding (Python Software Foundation, Wilmington, Delaware) and ArcGIS 10.1 (ESRI, Redlands, California). The resulting suitability maps for each species were then masked ( Fig. 1 ) using individual species range boundaries produced by MacKinnon and Phillipps (2000) , one of the most comprehensive avian field references available for China. We used the mask to restrict suitable habitat to areas within the boundaries of known ranges for each species. This accounts for the natural distribution of each species and helps to avoid inclusion of regions that might contain suitable habitat but lie outside the range of a given species. While range maps present the broad distribution of a species, our approach identifies the areas within the species range that contain suitable habitat during the respective season. This approach reduces over-prediction of available space inherent in range maps (Graham and Hijmans 2006) and allows managers to focus only on relevant habitat for species of interest. One artifact of this approach is the appearance of a hard transition between predicted presence and absence cells along the outer boundary of each species range. While a soft transition could have been modeled, we chose to retain the (1) Bar-headed Goose, Breeding
current boundaries so that results are explicit and easy to interpret.
The habitat suitability models were validated using AWC data for the winter season and satellite telemetry data for the breeding season (bar-headed goose only). Model validation included testing for errors of omissionidentifying grid cells where the model predicts absence of a species but validation data shows that the species was present (Franklin and Miller 2010) . Because coordinates for AWC sites represent the centroid of a larger census area that may range from less than 1 km to more than 10 km, we conducted validations at 3 spatial scales to appropriately reflect the possible spatial resolutions: (1) immediate (i.e., confirming model prediction as "suitable" within the 1 km pixel that encompasses the validation point), (2) within 5 km, and (3) within 10 km of known observation location. These values were chosen to reflect a progression towards the greatest possible locational error in the data. For the latter two, the test was used to confirm that within the specified distance of the validation point (5, 10 km), at least one pixel was predicted as "suitable" for the given species.
Species richness suitability maps
While species level outputs can provide important information, they can also serve as building blocks for a wide array of potential outputs. In order to depict regions which are suitable to the greatest number of species, and therefore likely to host large densities of waterfowl, we overlaid the model outputs for each species and summed the number of species within each cell for which the habitat was predicted to be suitable (Fig. 1) . While an image containing all species gives insight into spatio-temporal trends in waterfowl distribution, disaggregation of the species included can allow examination of areas most important to relevant groupings. As an example, we also constructed species richness maps for birds within the genera Anser and Aythya. These genera were selected as they were well represented in our models and highly relevant to avian influenza and related conservation concerns. Species richness maps were derived separately for both winter and breeding seasons, with all calculations performed using Python coding (Python Software Foundation, Wilmington, Delaware) and ArcGIS 10.1 (ESRI, Redlands, California). 
Protected areas
A dataset outlining the protected areas within China was obtained from the Chinese Academy of Sciences and their collaborators as outlined in Xu et al. (2017) . This dataset represents the product of an extensive effort to identify the spatial boundaries for all protected areas within China, and contains 2412 terrestrial reserves which cover 15.1% of China's land surface . In this study we used the tabulate areas tool within ArcGIS to determine the percentage of suitable habitat per species located within protected areas, as determined by our breeding and wintering models. This is an approach similar to that of Zhang et al. (2017) , which identified the number of important bird areas known to provide habitat for several waterbird species. Data were also visually examined to determine gaps in coverage at locations where habitat was suitable to multiple species within genera Anser or Aythya.
Results
Of the 42 waterfowl species reported in China, 39 are listed as winter residents and 30 as breeders (MacKinnon and Phillipps 2000). Based on this information, we produced suitability maps for 30 breeding and 39 wintering species (Table 1) . Of these birds, 32 were ranked as species of least concern on the IUCN List of Threatened Species (IUCN 2017), while 6, 2, 1, and 1 were listed as Near threatened, Vulnerable, Endangered, and Critically endangered, respectively.
Breeding and wintering models as well as locations used for model validation are provided as an example in Fig. 2 for the Bar-headed Goose, a focal species due to its importance to HPAI transmission (Prosser et al. 2011) and its decreasing population (IUCN 2017). Suitable breeding habitat for the Bar-headed Goose included the high-elevation plateau of western China and a small section of Inner Mongolia in northeastern China. The pattern of suitable habitat for the breeding season was generally less dense (fewer 1 km cells within a given area) than for the wintering range, for the Bar-headed Goose (Fig. 2) as well as many of the waterfowl species (Fig. 3 , Additional file 3: Fig. S1 ). Across species, there was variation in the extent and patchiness of suitable wintering habitat within each species' range. For example, the Greylag Goose (Anser anser) and Ruddy Shelduck (Tadorna ferruginea) models demonstrate a high density of suitable wintering habitat extending across much of their seasonal range, while suitable wintering habitat for the Common Teal (Anas crecca) was sparser and more patchy across a similar region (Fig. 3) . In contrast, the winter model for the Cotton Pygmy-goose (Nettapus coromandelianus) demonstrated a much more confined range of suitable wintering habitat, though it was comparable in patchiness to the Common Teal. Wintering and breeding maps for all species are included in Additional file 3: Fig. S1 .
A total of 406 validation points from the winter Asian Waterbird Census were used to calculate omission rates for 14 of the 37 wintering species (23 species had no validation data). The number of validation points averaged 26 per species with a range of 1-166 (Table 2) . Omission rates from validation procedures indicated a strong ability for the models to predict areas where a species might be found (zero errors of omission for 14 wintering species and three spatial scales; Table 2 ). For the Bar-headed Goose, 13 breeding and 21 wintering locations from a related satellite telemetry project (Prosser et al. 2011) were also used to validate the breeding and wintering models. Bar-headed Goose models had zero omission errors for the breeding season and an error rate of 0.095 for the wintering season (9.5%, or 2 of 21 breeding validation locations occurred within model cells that predicted species absence).
Cumulative species richness maps (Fig. 4) showed distinct spatial patterns for the breeding versus wintering seasons. Areas suitable for high species richness during the breeding season were centered in the northeast and the high-elevation western regions of China. In contrast, waterfowl richness during the wintering season was likely to be highest across much of the low-elevation southeastern part of China, particularly along the Yangtze River basin. Species richness potentials ranged from 0 to 20 species per grid cell for the breeding season and 0-31 for the wintering season, with similar patterns identified from the genus level maps (Fig. 5) . Dalai Lake in the northeastern region of China was particularly likely to be important to both genera during the breeding season and was protected by the Dalai Lake National Nature Reserve, while regions of southeastern China such as the Yangtze River basin were of primary importance during the wintering period and had patchy protection provided by separated protected areas. Parsing out individual genera highlighted differences in important areas between groups. For instance, the Changtang Plateau, well protected by a network of large reserves, had far greater suitability to birds in the genus Anser than for those in Aythya. The percentage of suitable habitat within protected areas varied greatly by species and season, with breeding habitat generally better covered than wintering habitat (Table 1 ). The Ferruginous Pochard (Aythya nyroca), a near threatened species, demonstrates these trends with 31.9 and 9.7% of suitable breeding and wintering habitat within a protected area, respectively.
Discussion
The goal of this work was to develop high resolution spatial distribution maps for waterfowl species across seasons, providing a critical model input that would pave the way for informed management in a data-restricted region. Although there was a scientific deficit for producing data-driven models using newer SDM techniques (Guisan et al. 2013) , the societal need to understand where these birds might occur both individually and cumulatively across species remained. Using the best data available, we took a conventional approach of mapping habitat suitability and combined it with model control measures (range masking) to develop and validate habitat models for each species and combine these into species richness data layers. Such data layers, or any of the species specific layers, can now be directly incorporated as inputs into disease models (Prosser et al. 2016) , critical habitat identification modeling, or any other need that requires estimation of a species most probable use of space, thereby resolving the challenge of incorporating information concerning wild birds into such efforts.
The key finding of this work was the seasonal changes in species distribution throughout the annual cycle. While there was variation between species, wintering distributions were predominately concentrated in the warmer and lower elevation regions of the southeast Fig. 2 Model results for example species, Bar-headed Goose, breeding (orange) and wintering (purple) seasons across China (a). Validation points from the waterfowl database (China Anatidae Network 2012) and our telemetry studies (Prosser et al. 2011 ) are depicted as red dots. Red frames delimit magnified insets b for breeding at Qinghai Lake, Qinghai and c wintering areas in southern Tibet while the breeding distributions were more evenly spaced across the northern latitudes and higher elevation regions of western China. These dynamic seasonal distributions have wide reaching implications for waterfowl management. For instance, the areas of greatest risk for interaction between poultry and wild birds for potential zoonotic disease transmission are likely to change throughout the year, and any attempts to limit such interactions must be responsive to these changes (Prosser et al. 2013) . Therefore, future projects focused on modeling disease risk should incorporate the spatiotemporal behavior and abundance of wild birds, a step our approach makes possible even in regions of limited data availability. Seasonal distributions also indicate that any successful conservation attempts should include strategies to protect the birds throughout the year, which requires attention to both wintering and breeding habitats (Cui et al. 2014; Dai et al. 2016) .
While the spatio-temporal trends in avian influenza risk we observed have significant implications for how this disease should be modeled, they also have direct ecological implications. For instance, the Tufted Duck (Aythya fuligula) has been found to be especially prone to infection from highly pathogenic avian influenza, with infections often resulting in mortality (Keawcharoen et al. 2008) . While the Tufted Duck is considered a species of least concern, other closely related species within the genus Aythya range from Vulnerable to Critically endangered (IUCN 2017, Table 1 ). Given the proclivity of some birds within the Aythya genus to suffer mortality from HPAI infections (Keawcharoen et al. 2008; Spackman et al. 2017 ) it is of great conservation importance Fig. 3 Example species distribution models for four (of 42) Anatidae waterfowl of China. Models were developed in a habitat suitability framework by relating environmental predictors to habitat requirements at 1 km spatial resolution in a geographic information system (GIS) to understand the risks such species face over time and space. Our findings suggest that the risk of these species to avian influenza virus is far from static, changing predictably based upon seasonal behavioral patterns. Informing our understanding of when and where vulnerable species are at greatest risk of exposure not only opens the door for more directed sampling efforts, but also enables the initiation of protective measures that could limit potential population losses. For instance, restrictions could be placed on poultry grazing and transportation through regions of seasonal importance so as to limit potential contact. Such practices could reflect the preventative measures applied in countries such as the United Kingdom (Gibbens 2017) and Thailand (Aengwanich et al. 2014 ) where risk to avian influenza is determined by geographic region and facility size, and biosecurity protocol are implemented accordingly.
The spatio-temporal changes in species richness observed between our wintering and breeding season models serve to highlight another key aspect of our approach: identifying areas of importance from a habitat conservation perspective. Though already established in the literature, our cumulative species richness maps confirm the importance of the Yangtze River (Cao et al. 2008 (Cao et al. , 2010 Cong et al. 2011; Williamson et al. 2013 ) and northeastern China (Williamson et al. 2013 ) in a spatial context during the wintering and breeding seasons, respectively. Additionally, our genera-specific models allow for the identification of important locations at a much finer scale, such as identifying the Changtang Plateau in Tibet as being important to birds of the genus Anser during the breeding season (Zhang et al. 2015a, b) . Our models also compared well to species distribution models prepared for this region. For instance, while there were some local areas of disagreement between our models and those produced by Zeng et al. (2015) , both identified the Yangtze River Basin as the region within China of the greatest probability of occurrence for the Endangered Scaly-sided Merganser. Similarly, the models produced by Dai et al. (2016) report that key Bar-headed Goose summering habitat is found at Qinghai Lake and the Tibetan Plateau, findings which concur with our results. An oft noted benefit of SDM's is their usefulness in highlighting crucial habitats to target for conservation and intensive surveys (Moriguchi et al. 2013; Ochoa-Quintero et al. 2010) . However, since all that is required to conduct our habitat suitability analysis is knowledge of a species' habitat needs and publicly available habitat data, this method Table 2 Validation measures testing errors of omission for China waterfowl distribution maps at three scales: 1, 5, and 10 km a Omission rate is calculated by dividing the number of correctly predicted presence locations by the total number of validation (presence) points. For example, of the 21 validation locations where Bar-headed Geese were observed during the wintering season, two (or 9.5%) were incorrectly predicted as "absent" within the grid cell (within 1 km). In this example, increasing the number of neighboring cells to 5 or 10 km did not improve the error rate b Asian Waterbird Census data were used as validation points for all species listed. In addition, for the Bar-headed Goose we tested for errors of omission using location data (both the breeding and wintering seasons) from our satellite telemetry work (Prosser et al. 2011) Common species name Scientific name Omission error rate shows great promise to aid the conservation of species for which critical habitats may be less well understood, especially in these low data scenarios. The ability of our approach to identify important habitats for waterfowl conservation is demonstrated when our model outputs are overlaid with the spatial boundaries of China's protected areas. For instance, our outputs identify areas of suitable habitat for multiple species around Taihu Lake, near the mouth of the Yangtze River, where important wintering habitat is only sparsely protected. Our models also identify the need to focus on the protection of wintering habitats which are less protected than the breeding habitats (Cui et al. 2014 ). Both of these overarching trends are seen with the Ferruginous Pochard, a Near Threatened species. In China, this species breeds mostly throughout the Tibetan Plateau and the northwestern plain, with 31.9% of its suitable breeding habitat covered within expansive protected areas in this region. Conversely, the Ferruginous Pochard winters in southeastern China with only 9.7% of its suitable wintering habitat protected via a patchwork of smaller protected areas. Therefore, this species would likely most benefit from increasing protected area connectivity within its suitable wintering habitat. The information provided by our models is especially important in the context of our study, as several of the species for which we created suitability maps are recognized as species of conservation concern by the IUCN (2017), and recent literature has highlighted the important role of protected areas in species conservation (Zhang et al. 2015a, b) within regions with effective governance (Amano et al. 2017) , while advocating for the addition of new protected areas within China (Cao et al. 2010; Xia et al. 2016; Xu et al. 2017) . Similarly, the outputs of our model can be used to monitor changes in available habitat over time. For instance, by utilizing imagery from different years, researchers and managers can monitor changes in habitat availability for species of interest. The ability of conservationists to identify and respond to such changes is becoming increasingly important in the face of global climate change (Gillson et al. 2013; Yu et al. 2017) , and models such as those created in this work provide the opportunity for responsive management even in these low data environments.
Though the comparability of our findings to other previous works provides some confidence in this approach, our formal validation provides critical additional support. The validation process demonstrated capacity to predict presence locations for individual species, however, because the validation data included presence-only records, we were not able to assess how well the models predicted the absence of a species, a common issue related to using presence-only data (Hernandez et al. 2006) . Distribution models tend to be more successful in predicting presence locations than absence locations except for species with a very narrow niche (Brotons et al. 2004; Hernandez et al. 2006) . We expected our models to be better at predicting presence than absence locations and recognize that this bias could translate into potential over-prediction of a species' distribution. However, with the intent of this model being to create an input layer for disease interface modeling we felt that a more inclusive approach was appropriate as less inclusive models would run the risk of excluding potentially important wild bird-domestic poultry interfaces. This inclusivity also has benefits when utilized in a conservation context. For instance, identifying the fundamental niche may be best suited when conserving areas around presently atrisk species as this provides buffers around the current areas of use and protects valuable habitat as populations rebound and expand. Yet it is still important to recognize that our approach identifies only suitable habitat for the given species, and thus depicts much less area than species range maps. It is through this enhanced degree of selectivity that important areas can be identified and targeted by managers and researchers as demonstrated above. In any modeling exercise, the implicit limitations should be identified and the model complexity should match the objectives of the study (Merow et al. 2014 ), as we did here.
One aspect of our approach that warrants special attention from those who wish to apply this method in future work is the impact the selected range map can have on the final model output. The benefit of masking model outputs to species range maps is that suitable habitat only within the species known distribution is considered. This provides obvious advantages for the utility of generated products. However, range maps often represent space use trends over many years, and may not reflect current distributions. For instance, there have been recent reports of Mute Swan (Cygnus olor) wintering along the Yellow River delta (Brazil 2009) , although the behavior is believed to be rare and consist of relatively few individuals. Unfortunately, observations of this behavior occurred after the publication of the range maps, chosen for their coverage of all relevant species, and as such no winter model was developed for this species. Given the rarity of this behavior, it is unlikely such an omission would have significant implications on the utility of model outputs, especially from a disease interface standpoint. Similarly, range maps make all areas of a species range appear equal in use, which can results in misleading results. For instance, White-winged Scoter (Melanitta fusca) winter predominantly along the eastern coast of China but have been known to utilize some inland habitats near Nanchong (MacKinnon and Phillipps 2000) . Therefore, while inland habitat use is very limited, our model output does not differentiate the likelihood of use between these two areas of suitable habitat. This issue could likely only be resolved via more complex modeling methods which would not be supported by the data available for this region. While these limitations do not remove the benefit of masking our model outputs with range maps, researchers should carefully consider the implications of potential shortcomings, and test for errors of omission whenever datasets are sufficient.
Our need for the information gained via modeling approaches, without having access to sufficient fine scale standardized datasets, forced us to use a habitat suitability approach. However, science is always changing, and as more data is collected additional analysis options become available. Therefore, we also outlined a framework for improving our current models as new data become available through the expansion and enhancement of waterfowl monitoring during the breeding season as well as the winter via the Asian Waterbird Census and other monitoring efforts (Fig. 1b) . Improvements can be made iteratively based on availability of data. For example, an intermediate level model that revises species ranges and adds points for validation could be implemented with minimal additional effort and cost, and as more comprehensive data become available newer approaches to SDM can be employed (Fig. 1b) . This multi-level approach, where models are meant to be improved as new information becomes available follows principles of Bayesian logic (Jewell et al. 2009 ) and Adaptive Resource Management (Allan and Stankey 2009) , and can be applied towards a diverse range of distribution needs. Even if this method is not ideal when compared to approaches utilized under conditions of high data availability, it does not change for science-based management. Therefore, we hope that researchers from a wide array of disciplines will recognize the opportunities this approach holds for conducting research and informing management in low data environments.
Conclusions
In this paper we present the first nationwide distribution models and predicted species richness maps for many of China's breeding and wintering waterfowl. We then use the information gained from these models to demonstrate their utility to conservation as it relates to avian influenza and the identification of critical habitats. We hope this example will encourage similar efforts in other regions with limited data but important needs for understanding the distribution of species across the landscape. We also hope this work will stimulate coordinated efforts to increase the level of input data and overall accuracy of these models. At this current stage, our high-resolution spatial models provide a unique and valuable resource to the research and planning communities across many disciplines from wildlife and habitat management to conservation medicine and beyond.
